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. The deforestation of tropical coastal wetlands such as mangrove forests contributes disproportionately to anthropogenic greenhouse gas emissions, as they can hold up to four times as much organic carbon per unit area than other terrestrial forested ecosystems 2 and are undergoing deforestation across the tropics 3, 4 . Recent estimates have put global mangrove deforestation rates at up to 0.39% per year since 2000 (ref. 4 ), driven primarily by large-scale agricultural and aquacultural commodity production, coastal development [5] [6] [7] and potentially sea level rise 8 . High carbon densities per unit area, coupled with high deforestation rates, mean that mangrove deforestation globally may be contributing an estimated 0.21 Pg CO 2 e yr −1 or 0.45 Pg CO 2 e yr −1 to the atmosphere 2, 9 . Mangrove deforestation is so high in some countries, such as Indonesia, that it has been estimated that halting deforestation would reduce its national land use sector emissions by between 10% and 31% (ref. 10 ). As a result, carbon stored in coastal wetlands such as mangroves has recently been placed on the international policy agenda through the UNFCCC's Paris Agreement in 2015 (ref. 11 ). Emissions from wetlands are now explicitly considered in national greenhouse gas emissions reporting through the Intergovernmental Panel on Climate Change (IPCC)'s wetland supplement to the Guidelines for National Greenhouse Gas Inventories 12 . Recent international climate policy discussions also provide new opportunities for mangrove conservation, as they promote novel funding avenues for the financing of forest protection. Several conservation mechanisms have recently been established or proposed that utilize vegetated carbon stocks as a financial incentive to reduce deforestation, under the broad umbrella of payments for ecosystem services (PES). PES is broadly defined as a set of 'voluntary transactions between service users and service providers that are conditional on agreed rules of natural resource management' 13 . For example, PES schemes such as Reducing Emissions from Deforestation and Degradation (REDD+ ) incentivize conservation through 'avoided deforestation' , with a service buyer paying a service provider to store carbon that would otherwise be emitted due to land cover change. Payments for avoided deforestation are increasingly being advanced in terrestrial forest conservation, and this approach is rapidly gaining traction in mangrove research and policymaking under the term 'blue carbon' 14, 15 . Blue carbon is quickly gaining international prominence as a conservation tool through groups such as the International Blue Carbon Initiative, and is the focus of several bilateral government frameworks, such as the International Blue Carbon Partnership between Australia and Indonesia. Case studies have shown that the financial benefits accrued from the sale of blue carbon credits could potentially outweigh financial returns from alternative land uses at the local scale 16 , and thus may provide an economically viable alternative to some proximate drivers of mangrove deforestation and degradation.
Emissions data needed for policymaking
Calculation of emissions from land cover change in national greenhouse gas inventories and calculation of ecosystem service loss for PES interventions require robust information on vegetated carbon stocks, and emissions due to land cover change through time. For example, most definitions of PES need some form of conditionality 13 , which sets rules and standards that must be met by the service provider for payment to be made. Thus, financial transactions under PES require robust information on variables such as carbon storage and rates of habitat loss, to allow for the accurate quantification of carbon credits and carbon saved through avoided deforestation. We particularly need to know the baselines of deforestation and carbon storage at varying spatiotemporal scales, from the site to the national level. However, we broadly lack robust baselines of mangrove deforestation in many countries across the tropics 17 . We also require robust estimates of mangrove carbon stocks and emissions due to deforestation at multiple scales. Our lack of information on these parameters, at local, national and regional levels, hampers the efforts of decision-makers to calculate emissions and suitable reduction mechanisms or set adequate baselines of loss from which to assess the effectiveness of a PES intervention This study provides the clear and robust baseline information on carbon stocks that is required for use in national emissions reporting and PES schemes at high spatiotemporal resolutions 19 . We report global, national and sub-national mangrove carbon stocks for the year 2012 and estimates the global carbon stock losses and potential CO 2 emissions resulting from mangrove area change between 2000 and 2012. In addition to reporting global mangrove carbon stocks, we delineate the amount of global mangrove carbon in the aboveground living pool, the belowground living pool and mangrove soil, key carbon pools that must be delineated and quantified for national emissions reporting 20 . We report mangrove stocks at national and sub-national scales and make available to other researchers the geospatial data required to track changes in mangrove carbon stocks at global, national and sub-national scales.
This study builds upon and advances previous efforts 2, 21 that have estimated carbon emissions from mangroves, by employing the most recent and state-of-the-art data sets available on deforestation and carbon stocks for all carbon pools at the global scale, in order to provide high-resolution, global, robust and transparent calculations of potential carbon emissions from mangroves. For example, when comparing our estimate to the most comprehensive current global mangrove carbon estimates (1) (Fig. 1) . This equates to 70.65% of global mangrove carbon being contained in mangrove soils, 9.78% in belowground biomass and 19.57% in aboveground biomass Indonesia, Brazil, Malaysia and Papua New Guinea contain more than 50% of the world's mangrove carbon stock, with Indonesia alone accounting for more than 30% of the world's mangrove carbon ( Table 1 ). The top 10 mangrove-holding countries contain just under 70% of the world's mangrove carbon stocks, and the top 25 countries just over 90%. Interestingly, countries with large mangrove areas do not always have equivalently large carbon stocks, due to spatial variability in carbon density. For example, Bangladesh ranks three places lower globally when ranked by mangrove carbon stocks than if it were ranked by actual mangrove area. Conversely, Gabon is ranked two spots higher than if it were ranked solely based on mangrove area (Table 1) .
Although national estimates of mangrove carbon stocks are important, it is at the sub-national level that these data probably have the most utility. This is important, as slightly over one-third of the global mangrove carbon stocks are contained within only ten level-one administrative units (Table 2) . Indeed, more than 50% of the world's mangrove carbon stocks are located within only 21 administrative level units (Supplementary Table 1 ). Level-one organizational units are typically one level below the nation state. For example, the level-one administrative unit in the USA is the state or governed territory, in Indonesia they are the 34 provinces, and in Australia it would be the states and any administered territories. Five of the top ten mangrove carbon holding level-one administrations, including the first and second, are in Indonesia, and, as already mentioned, the top ten administrative level-one units contain slightly over one-third of the entire global mangrove stock. Unlike national estimates, computational limitations make it difficult for standard deviations, and hence confidence intervals, to be generated for all possible sub-national boundaries and are therefore not included in sub-national estimates, although individual researchers can produce confidence intervals from the provided database for their sub-national areas of interest. Many mangrove forests are managed at highly granular levels beyond commonly mapped administrative units. For example, mangrove-holding nations such as Indonesia, India, Thailand and the Philippines have highly successful community-based mangrove management programmes, and other countries such as Cambodia, Sri Lanka, Bangladesh, Iran, Honduras, Ecuador, Brazil and Panama have committed themselves to community-based mangrove management programmes 23 . The data generated in this study can probably provide useful carbon stock estimates, even at management-relevant scales.
Carbon emissions due to deforestation
Globally, mangrove carbon stocks have decreased by a maximum of 86,375,000 ± 1,367,000 t of carbon, or slightly over 2.0%, during this period (Fig. 2) . In this calculation we assume a total carbon loss when mangrove deforestation occurs, including the top 1 m of the soil column, similar to previous estimates 9, 21, 22 and as recommended by the IPCC Wetland Supplement 12 . For example, if 500 m 2 of mangrove forest is lost then we assume total mangrove carbon losses across all carbon pools for this 500 m 2 . Carbon stock loss rates are highly consistent across the 13-year analysis period, averaging 0.17% per year. Although the annual rate of decline from 2000 to 2012 is consistent globally, loss at the country level differs substantially. For example, Indonesia alone is responsible for almost 41,946,838 t, or 48.56% of the loss in global mangrove carbon stock during this period. Also, Myanmar has a loss rate of 7.99%, a fourfold increase over the global loss rate for the period 2000-2012, and so contributes a disproportionate volume of emissions relative to its total mangrove extent. Indeed, Southeast Asia is identified as a hotspot of global mangrove carbon stock losses between 2000 and 2012.
Although considerable local variation occurs in mangrove carbon stocks losses year on year, at the global scale the losses are consistent. By 2017 we anticipate carbon global stocks to have decreased to 4.16 Pg (y = − 0.0074x + 4.2901, R 2 = 0.99, where x is the last two years of the year and y is the global mangrove carbon stock). Full global yearly data are provided in Supplementary Fig. 1 .
Using the assumption that between 25 and 100% of the total amount of mangrove clearing is converted into CO 2 emissions 9 , the global carbon losses reported could have resulted in a potential maximum increase in mangrove clearing-induced CO 2 emissions of between 79,249,063 and 316,996,250 t annually up to 2012. This higher number is equivalent to the CO 2 emissions of approximately 67.5 million US passenger vehicles annually 24 . In addition to carbon losses during the analysis period, these data can also be used to estimate the amount of CO 2 that these deforested mangroves are no longer removing from the atmosphere. For example, using an average annual carbon sequestration rate of 163 (+ 40, − 41) g CO 2 m −2 yr −1 (95% CI) 25 and 210 g CO 2 m −2 yr −1 (ref. 26 ), and recent mangrove loss estimates 4 , we estimate that cleared mangrove forests between 2000 Sub-national estimates use equation (5) (described in the Methods) and the mid-level mangrove aboveground biomass (AGB) to belowground biomass (BGB) conversion ratio. Supplementary Table 2 extends Table 2 to all 752 mangrove-holding level-one administrative units globally. 
carbon over the analysis period, had deforestation not taken place. Such sequestration losses occur in perpetuity.
Our analysis lowers the current consensus on estimates of global mangrove carbon stocks, and emissions resulting from their loss. For example, Siikamäki et al. 21 estimated the year 2000 mangrove carbon stocks at 6.5 Pg of carbon, and Jardine and Siikamäki 27 estimated the year 2000 mangrove soil carbon alone to be 5.00 ± 0.94 Pg. This compares to 4.28 ± 0.62 Pg of total carbon stocks in 2000 estimated in the present study (Fig. 2) , and similar to the global carbon stock estimated by Atwood et al. 28 . The lower estimate produced is probably due to three interacting reasons related to the earlier use of presence and absence tree cover data only, the spatial resolution of the different analysis, and the equations utilized. See Supplementary Discussion for a further discussion of the potential reasons for these differences.
moving forward with robust estimates
In addition to the global-scale overview of mangrove carbon stocks and their loss, robust and verifiable national and regional trends of mangrove forest carbon stocks can be estimated annually for a 13-year period. Information at national scales is required for accurate national emissions reporting 20, 29 . Nations can report activity data (the magnitude of human activity resulting in emissions, as reported in this study) across three tiers of increasing methodological complexity and reliability, with countries recommended to pursue estimates at the highest tier possible depending on data availability 30 . Most countries calculate activity data and emissions factors using default numbers provided by the IPCC (Tier 1), although studies such as that presented here allow us to create more precise and reliable estimates of carbon emissions by introducing spatial variation in both carbon stocks and land cover change (Tier 2). Indeed, these data are probably even applicable to Tier 3 reporting standards, which require repeated observation over time driven by high-resolution sub-national granular spatial data that provides measures such as biomass and soil dynamics 31 . At Tier 3, higherorder methods are used, including models and inventory measurement systems tailored to address national circumstances, repeated over time, and driven by high-resolution activity data and disaggregated at sub-national to fine grid scales. These higher-order methods provide estimates of greater certainty than lower tiers and have a closer link between biomass and soil dynamics.
Information on carbon stock trends is also of use at lower scales in the context of PES. Depending on the precise mechanism, PES is currently being pursued at both the national level, where ecosystem service payments are made to a national government, or at site or sub-national scales, where payments accrue to decisionmakers and potentially other stakeholders in specific jurisdictions 32 . At present, sub-national PES approaches may be more successful in the context of mangrove conservation, because the geographical position of mangroves in the contested intertidal zone provides many governance challenges at the national level in many tropical developing nations, especially in carbon emission hotspots such as Southeast Asia 33 . This study allows for the monitoring of PES (for example, through REDD+ ) and other conservation interventions programmes at sub-national scales and can be used to generate necessary baseline surveys for such interventions. Indeed, this study protocol allows mangrove forest carbon levels to be estimated at regular intervals both pre-intervention and post-intervention during the PES process.
Both national emissions inventories and monitoring for PES compliance require robust data sets that go beyond the 2000-2012 period presented. It is essential that research continues to produce robust, standardized data on carbon stocks and their losses and gains at scales that are relevant to policy makers. This requires extending the timeline of this present study backwards to calculate longer historical baselines of emissions for inventories and the setting of PES baselines 34 , and forwards to test the efficacy of future conservation interventions 35 that protect mangrove carbon stocks.
methods
Methods, including statements of data availability and any associated accession codes and references, are available at https://doi. org/10.1038/s41558-018-0090-4. methods Global mangrove extent. The mangrove carbon estimations were generated using a remotely sensed global measure of mangrove cover in square metres at 1 arcsec spatial resolution (approximately 30 m at the equator). The mangrove forest cover estimation was taken from the Continuous Mangrove Forest Cover for the 21st Century (CGMFC-21) database, which monitored mangrove canopy cover globally and annually from 2000 to 2012 (ref. 4 ). Each of the 123,332,913, 1 arcsec pixels in the CGMFC-21 contains a measurement of mangrove canopy cover in square metres, with a minimum value of 0 indicating deforestation during the analysis period, and a maximum value of 955 m 2 indicating a pixel with total mangrove forest canopy cover in close approximation to the equator. Data omissions are shown to be less than 0.01% of the global mangrove area 4 . CGMFC-21 is a synthesis product that combines the remotely sensed Global Forest Cover database 36 , the remotely sensed Mangrove Forests of the World (MFW) database 37 and the expert-compiled Terrestrial Ecosystems of the World database 38 . The CGMFC-21 GIS mangrove cover data are available to download from http://bit.ly/1lMJ9zj.
Aboveground and belowground biomass. From the estimation of mangrove cover, aboveground biomass (AGB) was derived using a series of five latitudinal or bioclimatic linear equations present in the literature that relate AGB to a combination of factors, including latitude, geographic region, mean temperature of the warmest quarter, average temperature of the coldest quarter, and precipitation of the driest quarter (Supplementary Table 3 ). Each equation was processed for all 123,332,913 pixels with mangrove forest cover in the CGMFC-21 database, and adjusted to account for the square metre unit used in CGMFC-21. Equations (1) to (3) are best fit linear models that relate field measures of AGB to latitude. Equation (4) is a climatic model that relates AGB to numerous climatic variables. Equation (5) is a mean equation that averages equations (1) and (3) to produce a value consistently within 1% of the average across all equations.
Equation (1) is a linear latitudinal model 39 that forms the basis of many of the mangrove carbon estimates found in the academic literature at both global (for example, refs 21, 40 ) and local (refs 7, 41 ) scales. Equation (1) was developed using approximately 35 field measures of AGB globally.
Equation (2) is a second linear latitudinal model 40 . This model is a reparameterizing of equation (1) using an expanded 52 global measures of mangrove AGB. After reparameterizing, equation (1) results in an improved model fit with a decrease in Akaike Information Criterion (AIC) of 3.68 and an almost doubling of the variance explained by equation (1) 40 . Equation (1) is probably applicable on a global scale, although care should be taken in regions with few samples such as West Africa and the Pacific coastline of South and Central America.
Equation (3) is a third linear latitudinal model based on 43 field measures of AGB 42 . Although it is used for some local estimates of mangrove carbon 7, 41 , it does not appear to have the same prevalence in the academic literature as equation (1) . It is probably most suited for the heavily sampled Indo-West Pacific (IWP) region, but should be treated with caution across Africa where no samples are taken, and across South America with only one sample. Equation (4) differs substantially from equations (1) to (3), as it is a climatic model based on three bioclimatic variables, rather than calculating AGB purely as a function of latitude. It was developed by surveying the global bioclimatic database to find relationships between the various bioclimatic variables and AGB 40 . The three bioclimatic variables that showed the strongest relationship to AGB were mean temperature of the warmest quarter (BIO10), mean temperature of the coldest quarter (BIO11) and precipitation of the driest quarter (BIO17). These bioclimatic variables explained between 25.1 and 26.7% of the global variation in AGB 40 . The bioclimatic variables themselves were built from a global network of weather station data and were interpolated to the 30 arcsec level to provide a comprehensive global database of bioclimatic estimates 43 . Equation (4) is probably most suitable for global estimates, as the underlying weather station data show near global coverage 43 , with some limited omissions in and around Kalimantan, North and West Sumatra, Papua (Indonesia), the Horn of Africa and portions of West Africa. Care should be taken in areas of sharp climatic transitions. Equation (5) averages equations (1) and (2) at the individual pixel level. It has been shown to provide AGB estimations within 1% of field-measured and allometric AGB estimates used to determine national-scale mangrove carbon stocks in Ecuador 41 . This may be particularly useful, as equations (1), (2) and (3) may not be representative in this important mangrove-holding region. Equation (5) consistently produces results within 1% of the mean across all other equations.
Mangrove belowground biomass (BGB) is typically calculated as an allometrically derived ratio of mangrove AGB [44] [45] [46] . We utilized a range of AGB:BGB ratios to estimate BGB at the pixel level. The low estimate came from ref. 40 , which found a global mean ratio of 0.39. The highest ratio of 0.61 was derived by extracting an AGB:BGB ratio from 19 samples recorded by Komiyama and colleagues 46 . The mid-range estimate is the mean of the high and low, the mid-point ratio of 0.5, and aligns well with the ratio of 0.52 used in a review of conversion ratios across the academic literature 7 . Conversion factors to convert whole-tree mangrove biomass to mangrove carbon exist in a narrow range of values between 0.45 and 0.50, according to the academic literature 2, 39, 44, 47 . For these calculations, we selected the mid value of 0.475 to represent the mangrove biomass to mangrove carbon conversion ratio.
Soil carbon estimation.
To allow for complete ecosystem mangrove carbon stock assessments and to account for the fact that mangrove soils probably contain some of the highest carbon stocks of any land cover type globally 2, [25] [26] [27] 47, 48 , soil carbon pool estimations were included in the overall mangrove carbon calculations. Soil carbon values are estimated based on a predictive model of spatially explicit global mangrove soil carbon stocks 27 . This 5 arcmin data set calculated mangrove soil carbon stocks using a tree branching algorithm in a supervised machine learning environment based on the presence or absence of mangrove c.2000 (ref.
37
). In a similar manner to equation (4), soil carbon rates were estimated based on a relationship to bioclimatic variables in the bioclim database 43 . The soil model uses a Bag Decision Tree algorithm that generates the relative importance of each variable to the soil carbon estimate without establishing a linear relationship between the variables 49 . The relative importance of each bioclimatic variable, in addition to latitude and region, are reported in Supplementary Table 4 .
The 5 arcmin mangrove soil grid provides soil carbon values for each mapping unit in mg C per cm 3 (ref. 27 ). The 1 arcsec grid in this study uses the 5 arcmin mg C mm −2 measure within which it is nested. The soil carbon measure is then adjusted to metric tonnes per 1 m depth. The multiplication by CGMFC-21:AREA in equation (6) adjusts the data for mangrove coverage area in CGMFC-21, as opposed to the mangrove presence or absence measure utilized in ref. where C represents carbon, t is metric tons, 1 m is the soil depth, CGMFC-21:AREA is the area of mangrove cover in m 2 from the CGMFC-21 database, Bag DT is the Jardine and Siikamäki 27 soil carbon measure in mg C mm −2 . It is not possible to construct r and P in the algorithm utilized.
For our model, we assumed a uniform mangrove soil depth of 1 m. This is a conservative estimate of soil carbon stocks because mangrove soil carbon can be found at lower depths 2 . However, our approach is in line with previous global studies 2, 21, 22 and the IPCC 12 . The IPCC's 2013 Supplement to the 2006 IPCC Guidelines for National Greenhouse Gas Inventories: Wetlands explicitly recommends that policy makers use a mangrove soil depth of 1 m for calculations of carbon stocks and emissions, under the assumption that in most land use conversions (for example, to aquaculture) it is the first metre of soil that is most disturbed and most vulnerable to remineralization 12,22, . Thus, we used this soil depth so that the data provided in this manuscript are as policy-relevant as possible and can be easily incorporated into national emissions reporting mechanisms.
Calculation of whole-ecosystem carbon stocks and emissions due to deforestation. We calculated global, national and regional mangrove carbon stocks by summing all calculated carbon pools: the relevant 123,332,913 individual measures generated from all five equations for mangrove AGB and mangrove BGB, and the pixel-level soil estimates to 1 m depth. Confidence intervals were then calculated at the 95% level for 2000 and 2012. The confidence intervals were calculated by processing all approximately 120 million observations in the database across the potential minimum and potential maximum value for each of the five biomass equations (equations (1)- (5)), the lowest potential and highest potential AGB to BGB conversion for each of the pixels for each of the five equations, and the lowest potential and highest potential biomass to carbon conversion for each of the pixels for each of the five equations, as well as each of the AGB to BGB conversions. Soil uncertainty is not included at the pixel level, but only at the global level. This is because soil uncertainty measures are derived from a third-part database that does not provide such pixel-level information 27 . Soil carbon estimates are provided at the pixel level.
To estimate emissions from deforestation, we calculated carbon stocks for 2000 and 2012 based on the global mangrove extent for these years 4 . An inventory change approach was taken to calculate emissions lost between these years, similar to the Tier 1 approach advocated by the IPCC 12 for emissions calculations.
Error and uncertainty. A complete error and uncertainty assessment is provided within the Supplementary Information. Within this summary, we report the input errors reported for all data sets, including confidence intervals, significance values and all other statistical values reported by the authors, for all components of the study. We then account for error in the mangrove area calculation, account for sensitivity in the biomass conversions and soil estimates, and finally conduct a whole-system cross-comparison to other available field-verified data. The key findings of the Supplementary material are summarized in the following.
We assessed potential land cover classification error by re-running a crosscomparison against the only other large-area continuous measure of forest cover available, at a sub-national scale. We found that our mangrove area is within 3.6% of that contained within the National Land Cover Dataset for the mangrove area of Florida. We also conducted a literature review across the Americas and compared our mangrove area estimates to other comparable remotely sensed national mangrove area estimates for similar years. The mangrove area analysis used in this Article and the remotely sensed estimates generated by others, including in-country estimates (Supplementary Table 5) , are remarkably consistent, with an R 2 of 0.97 (n = 29, standard error of 64,441, P < 0.1). For the mangrove AGB equations used we generated confidence intervals by processing all data globally for 2000 and 2012. We assessed the regional applicability of each equation and produced the best fit model based on all equations utilized. We used equations based not only on latitude but on bioclimatic values and field measures, including models known to have different explanatory potential. All original equation outputs for 2000 and 2012 are freely available in GIS format at full resolution. The best-fit equation (5) is available for all years between 2000 and 2012 as well as for all countries and all level-one administrative units.
For conversion between mangrove AGB and mangrove BGB, and between mangrove biomass and carbon, we utilized a mean of the values presented in the academic literature and also calculated how sensitive the global estimate is to changes in these values.
For soils, we adjusted the soil depth to 2 m and 3 m and demonstrated how this alters the global mangrove carbon forecasts. The 2 m adjustment changes the global mangrove carbon budget from 4.19 Pg to 7.15 Pg, while adjusting it to 3 m takes it to 10.11 Pg. This emphasizes the importance of soil in the global mangrove carbon budget. Additionally, we have presented the input soil error measures and discussed in depth the issues related to estimating soil carbon, particularly accounting for regional variances, in the Supplementary Information. Our GIS data are freely available, and account for 1 m, 2 m and 3 m soil depths at full resolution, to allow users to adjust for regional soil depth variability based on their region.
Finally, we attempted to capture accumulated error and uncertainty by conducting a cross-comparison of our living biomass data against mangrove living biomass data for four estuaries in Ecuador for which comparable fielddriven estimates of biomass have been generated 41 . We found that mangrove living biomass estimates overlap at the 95% confidence level and has a mean difference of less than 21 t C ha −1 ( Supplementary Fig. 2 ).
Data availability. Approximately 1 TB of open raster, vector and tabular data are posted on the Harvard Dataverse under a CC0 Public Domain Dedication licence that allows full and unrestricted global use of the data generated during this research while giving proper citation to the original author. In addition, all error and uncertainty data sets are available in spatial format within this Dataverse. These posted data allow for full replication, at the minimum mapping unit, of the results generated during this analysis. The data that support the findings of this study are available at https://dataverse.harvard.edu/dataverse/GMCSD. Correspondence and requests for materials should be made to Stuart E. Hamilton.
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